The populations of Earth's species are changing over time in complex ways, creating a mixture 27 of winners and losers in a time of accelerating global change. A critical research challenge is to 28 test if there are specific biomes, taxa or types of species that are experiencing rapid alterations in 29 abundance over time. We conducted an analysis of the Living Planet Database using a state-30 space modelling approach including nearly 10,000 abundance time-series from over 2,000 31 vertebrate species. We integrated the population abundance data with information on geographic 32 range, habitat preference, taxonomic and phylogenetic relationships, conservation status and 33 threats from occurrence, phylogenetic and conservation assessment data. We found that 15% of 34 populations were declining, 18% were increasing, and 67% showed no net changes in abundance 35 over time. Against a backdrop of no biogeographic and phylogenetic patterning in population 36 change, we uncovered a distinct taxonomic signal. Amphibians were the only taxa that 37 experienced net declines in the analyzed data, while birds, mammals and reptiles on average 38 became more abundant over time. The continuum of abundance changes over time was poorly 39 captured by species' rarity and global-scale threats. Capturing the full spectrum of abundance 40 change of species around the planet will inform conservation efforts and improve projections of 41 biodiversity and ecosystem function change under the accelerating influence of the 42 Anthropocene. 43 Page 3 of 44 Main text 44 Alterations to ecosystems currently unfolding all around the globe are modifying the abundances 45 of the different species forming Earth's biota. As global change continues to accelerate 1,2 , the 46 need for comprehensive assessments of the factors explaining the variety of ecological changes 47 observed across taxa and biomes is also growing 3 . However, existing empirical studies of the 48 predictors of population change mostly focus on either specific taxa 4 or on population declines 49 alone 2,5 . A critical research challenge is to disentangle the sources of heterogeneity across the 50 full spectrum of population change. Recent compilations of long-term population time-series, 51 extensive occurrence, phylogenetic, habitat preference and conservation status data 6-8 provide a 52 unique opportunity to quantify population trends and fluctuations among the world's well-53 monitored vertebrate species and test which species-and population-level attributes explain 54 variation in population change. Population change is the underlying process leading to community 55 reassembly 9 and the resulting changes to biodiversity are vitally important for ecosystem functions 56 and services 10 . 57 58 The distribution of global change drivers such as such as land-use change, habitat change,
). Amphibians 192 experienced net declines over time (slope = -0.01, CI = -0.02 to -0.005), whereas birds, mammals 193 and reptiles experienced net increases (slope = 0.004, CI = 0.003 to 0.01; slope = 0.01, CI = 0.01 194 to 0.01; slope = 0.02, CI = 0.01 to 0.02), with birds having a bimodal trend distribution (Hartigans'   195 dip test, D = 0.04, p < 0.01, Figure 1a ). Bony fish population trends were centered on zero (slope 196 = -0.001, CI = -0.004 to 0.002, Figure 1a -b) and sharks and rays showed net declines, but the 197 credible intervals overlapped zero (slope = -0.01, CI = -0.02 to 0.01). Fluctuations were most 198 common for amphibian populations (slope = 0.04, CI = 0.036 to 0.049, Figure 2d ), which were 199 monitored for the shortest time period on average (11 years, Figure S1 , Table S2 ). We did not Table S4 ). Similarly, 202 species identity within amphibian, bird and reptile classes did not explain variation in population 203 trends or fluctuations (Figures 2 and S16, Table S4 ). There were no distinct clusters of specific 204 clades that were more likely undergo increases, decreases or fluctuations in population ranges, smaller population sizes, or narrower habitat specificity (i.e., rare species) were not more 240 prone to population declines than common species (Figure 3 , Table S2 ). Populations that 241 experienced more fluctuations had smaller mean population sizes on average (slope = -0.001, CI 242 = -0.001 to -0.001, Figure 3f ). We found increasing, decreasing and stable populations across all
243
Red List categories of conservation status (Figure 4a ). For example, a population of the Least 244 concern species red deer (Cervus elaphus) in Canada declined by 68% over seven years going 245 from 606 to 194 individuals and a population of the Critically-endangered Hawksbill sea turtle 246 (Eretmochelys imbricate) from Barbados increased by 269% over seven years going from 89 to 247 328 individuals. We found more fluctuations (Least concern: slope = 0.022, CI = 0.021 to 0.023;
248
Critically endangered: slope = 0.035, CI = 0.028 to 0.041), but not more population declines, with 249 increasing conservation status ( Figure 4 , Table S2 ). Populations from species that were exposed 250 to a larger number of threats on a global scale based on the species' IUCN threat categorizations 251 did not experience greater declines when compared to those categorized with a smaller number 252 of threats ( Figure 4f ). There were no distinct signatures of global species threats which were 253 associated with predominantly declining local trends of monitored populations ( Figure 4e ) and 254 there were increasing, decreasing and stable trends across all threat types. species, whose populations are locally monitored, are exposed to on a global scale. See Methods
311
for details on deriving types of threats and Table S2 for model outputs. 
335
Contrary to our initial predictions, we did not find a distinct geographic patterning of population 336 change around the world, nor a consistent trend of increasing declines in population abundance
337
Page 18 of 44 with increasing threat level (Figures 1 and 4 ). Similar lack of biogeographic signal has been 338 documented in regional studies of population change from the Netherlands 33 recently in other studies 76 . We extracted the number and types of threats that each species is 488 exposed to globally from their respective IUCN profiles 75 .
490
Quantifying population trends and fluctuations over time
491
In the first stage of our analysis, we used state-space models that model abundance (scaled to a 492 common magnitude between zero and one) over time to calculate the amount of overall and past year, with process noise represented by εt ~ gaussian(0, σ 2 ). We included measurement 506 error following:
508
where Yt is the estimate of the true (unobserved) population abundance with measurement error:
509
Ft ~ gaussian(0, τ 2 ).
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We substituted the estimate of population abundance (Yt) into equation 1:
512
Given − 1 = − 1 − − 1 , then:
514
For comparisons of different approaches to modelling population change, see Comparison of 515 modelling approaches section.
517
Quantifying rarity metrics
518
We tested how population change varied across rarity metrics -geographic range, mean 519 population size and habitat specificity -on two different but complementary scales. In the main 520 text, we presented the results of our global scale analyses, whereas in the SI we included the 521 results when using only populations from the UK -a country with high monitoring intensity, Thus,
522
we quantified rarity metrics for species monitoring globally and in the UK. 
529
amphibians, mammals and reptiles monitored in the UK (see Table S5 for species list), we 530 calculated a km 2 occurrence area based on species occurrence data from GBIF 73 . Extracting and 531 filtering GBIF data and calculating range was computationally-intensive and occurrence data 532 availability was lower for certain species; thus, we did not estimate geographic range from GBIF 533 data for all species part of the Living Planet Database. Instead, we focused on analyzing range 534 effects for birds and mammals globally, as they are a very well-studied taxon and for species
Page 26 of 44 monitored in the UK, a country with intensive and detailed biodiversity monitoring of vertebrate 536 species. We did not use IUCN range maps, as they were not available for all of our study species,
537
and previous studies using GBIF occurrences to estimate range have found a positive correlation 538 between GBIF-derived and IUCN-derived geographic ranges 82 .
540
For the geographic ranges of species monitored in the UK, we calculated range extent using a 541 minimal convex hull approach based on GBIF 73 occurrence data. We filtered the GBIF data to We calculated mean size of the monitored population, referred to as population size, across the 554 monitoring duration using the raw abundance data, and we excluded populations which were not 555 monitored using population counts (i.e., we excluded indexes).
557
Habitat specificity
558
To create an index of habitat specificity, we extracted the number of distinct habitats a species 559 occupies based on the IUCN habitat category for each species, accessed through the package Page 27 of 44 rredlist 85 . We also quantified habitat specificity by surveying the number of breeding and non-561 breeding habitats for each species from its online IUCN profile (the 'habitat and ecology' section).
562
The two approaches yielded similar results ( Figure S3 , Table S2 , key for the profiling method is 563 presented in Table S4 ). We obtained global conservation status and threat data for all study 564 species through the IUCN Red List classification 75 .
566
Testing the sources of variation in population trends and fluctuations
567
In the second stage of our analyses, we modelled the trend and fluctuation estimates from the 568 first stage across latitude, realm, biome, taxa, rarity metrics, phylogenetic relatedness, species' 569 conservation status and threat type using a Bayesian modelling framework through the package 570 MCMCglmm 86 . We included a species random intercept effect in the Bayesian models to account 571 for the possible correlation between the trends of populations from the same species (see Table   572 S1 for sample sizes). The models ran for 120 000 iterations with a thinning factor of ten and a 573 burn-in period of 20 000 iterations. We assessed model convergence by visually examining trace where β0 is the global intercept (β0 = 1), β0l is the phylogeny-level departure from β0 (phylogeny 618 random effect); yi,k,m is the estimate for change in population abundance for the ith population 619 time-series for the kth species with the mth phylogenetic distance. 620
621
To account for phylogenetic uncertainty, for each class, we ran ten models with identical 622 structures but based on different randomly selected phylogenetic trees. We report the mean and well-studied species 59 . We found that for the populations and species represented by current 669 monitoring, rarity does not explain variation in population trends, but we note that the relationship 670 between population change and rarity metrics could differ for highly endemic specialist species 671 that are not included in the Living Planet Database. As ongoing and future monitoring begins to 672 fill in the taxonomic and geographic gaps in existing datasets, we will be able to re-assess and 673 test the generality of the patterns of population change across biomes, taxa, phylogenies, species among species. We used state-space models to estimate trends and fluctuations to account for 682 these limitations as this modelling framework is particularly appropriate for analyses of data 683 collected using disparate methods 37, 78, 79 . Because the precise coordinates of the polygons where 684 the individual populations were monitored are not available, we were not able to test for the 685 potential confounding effect of monitoring extent, but our sensitivity analysis indicated that survey 686 units do not explain variation in the detected trends ( Figure S13 ).
688
Temporal gaps
689
The population time-series we studied cover the period between 1970 and 2014, with both 690 duration of monitoring and the frequency of surveys varying across time-series. We only included 691 populations with more than five survey points in time in our analyses, because this amount of data 692 has been found to be enough to detect directional trends in 80-90% of cases 68 . In a separate 693 analysis, we found significant lags in population change following disturbances (forest loss) and 694 that population monitoring often begins decades to centuries after peak forest loss has occurred 695 at a given site 41 . The findings of this related study suggest that the temporal span of the population (Table S3) 
